Background: While the physical and chemical properties of airborne particulate matter (PM) have been extensively studied, their associated microbiome remains largely unexplored. Here, we performed a longitudinal metagenomic survey of 106 samples of airborne PM 2.5 and PM 10 in Beijing over a period of 6 months in 2012 and 2013, including those from several historically severe smog events.
Background
As a result of rapid industrialization and urbanization, global megacities have been impacted by extensive and intense particulate matter (PM) pollution events [1] , which have potential human health consequences [2] [3] [4] . Severe PM pollution is associated with chronic obstructive pulmonary disease (COPD) and asthma, as well as risks for early death [5] [6] [7] [8] . While the chemical components of PM pollution and their impacts on human health have been widely studied [9] , the potential impact of pollutant-associated microbes remains unclear. Airborne microbial exposure, including exposure to dust-associated organisms, has been established to both protect against and exacerbate certain diseases [10] [11] [12] . Understanding the temporal dynamics of the taxonomic and functional diversity of microorganisms in urban air, especially during smog events, will improve our understanding of the potential microbe-associated health consequences. Yet to date, the airborne PMassociated microbiome, especially in urban environments, remains largely understudied [13, 14] .
Recent advances in airborne particle DNA extraction and metagenomic library preparation have enabled low biomass environments to be subject to shotgun sequencing analysis [14] . In a previous study, we characterized the microbiome associated with airborne PM in Beijing over a week and identified more than 1300 bacterial, fungal, and viral species [13] . However, this short period is not sufficient to adequately observe the temporal dynamics of this complex microbial system. Thus, we collected 106 airborne PM samples in Beijing between October 2012 and March 2013, during which several record-breaking smog events [15] (Fig. 1a ) and high incidences of respiratory diseases [16] occurred, and performed shotgun metagenomic analysis to generate a comprehensive airborne taxonomic and gene catalog, which facilitated the longitudinal characterization of microbial taxonomic diversity and functional potential.
Results
Based on the annotation by MetaPhlAn2 [17] , the overwhelming majority of metagenomic reads from all samples were mapped to bacteria (95.5% of PM 2.5 and 93.0% of PM 10 ), followed by eukaryotes (1.5% of PM 2.5 and 2.2% of PM 10 ), archaea (0.2% of PM 2.5 and 0.2% of PM 10 ), and viruses (2.8% of PM 2.5 and 4.5% of PM 10 ) ( Fig. 1b ). There was no statistical difference in either the alpha or the beta diversity of species or genes between the PM 2.5 and PM 10 samples, with the exception of eukaryotic alpha diversity, which was significantly greater in PM 10 (Shannon diversity index, Wilcoxon signed-rank test, P < 0.01, Fig. 1c, d) . The ten bacterial phyla with the greatest proportional representation showed substantial variation throughout the 6month period, including a significant peak of Firmicutes in PM 10 samples during the two major smog events in January 2013 (P < 0.05; Fig. 1e ). In addition, a prominent peak in the proportion of reads annotated to viruses was also found in both PM 2.5 and PM 10 samples in late January and February ( Fig. 1e , P < 0.01). The metagenomic reads mapped to 702 bacterial species, 27 eukaryotic species, 56 viruses, and 14 archaeal species. The top 50 species of greatest proportion accounted for 71.7% ± 11.8% of the total reads (bacteria 94.6%, eukaryotes 1.4%, viruses 4%) (Additional file 1: Table S3 ) and exhibited considerable variance in their relative abundance over time, although for the majority of these species, their relative abundance did not significantly differ between PM 2.5 and PM 10 (Additional file 2: Figure S1a ). Four of the top 50 species, namely Lactobacillus amylovorus, Lactobacillus reuteri, Ustilago maydis, and Porcine type C oncovirus, were at significantly greater proportions in PM 10 compared with PM 2.5 (Wilcoxon signed-rank test, adjusted P < 0.1). Notably, among the 30 species exhibiting significant differences between the 2 types of samples, 29 were enriched in PM 10 samples, whereas only 1 was enriched in PM 2.5 samples (Additional file 1: Table S4 , Wilcoxon signedrank test, adjusted P < 0.1). We also correlated distancecorrected dissimilarities of taxonomic community composition with major meteorological factors, of which temperature and dew point had the strongest correlation with taxonomic composition in PM (Additional file 1: Table S5 , Additional file 2: Figure S1b ). We also monitored the presence of DNA associated with human pathogens in the samples and showed that in both PM 2.5 and PM 10 , the reads of these hazard microbes displayed only weak correlation with PM concentrations (Additional file 2: Figure S1c ); examination of individual pathogen species showed that some peaked in January, coincided with the worst smog event during the study period (Additional file 2: Figure S2 ). Application of StrainPhlAn analysis revealed considerable strain-level variations in some of the most abundant species, i.e., Acinetobacter lwoffi, Acinetobacter johnsonii, Escherichia coli, Kocuria sp. UCR OTCP, Pantoea ananatis, Pantoea dispersa, Propionibacterium acnes, and Rhodococcus sp. R04 (Additional file 2: Figure S3 -6). Taken together, we observed both similarities and differences in PM 2.5 and PM 10 microbiota. PM 10 or larger particles were formed by aggregation of smaller particles, which could explain the similarities of microbe structure between 2 types of PM samples. The different microbe structures of PM 2.5 and PM 10 particles could be a result of the different particulate diameters, since PM 2.5 has similar sizes as bacteria and PM 10 has similar sizes as fungi.
We attempted to determine the overlap of core functional genes between the PM pollutants, gut microbiota [18] , and ocean microbiota [19] to identify the core functional categories, and compare their relative importance in each database. To this end, we generated a non-redundant gene catalog containing 4,301,891 microbial genes from all PM samples, including 3,278,420 prokaryotic and 1, 023,471 eukaryotic genes. The PM core contained considerably reduced functional gene and orthologous group (OG) diversity compared with the human gut and oceanassociated microbiomes, potentially reflecting both the lower biomass and restrictive selective pressures in particulate matter (Kruskal-Wallis rank-sum test, adjusted P < 0.05, Additional file 2: Figure S7a -c).
Next, genes that potentially confer resistance to 35 different antibiotics were identified. The proportion of genes encoding antibiotic resistance remained stable throughout the study period, and both the number and reads per kilobase per million reads (RPKM) value of antibiotic resistance genes (ARGs) showed no significant differences between PM 2.5 and PM 10 samples ( Fig. 2a, b ), which is suggestive of universal selective pressure within this environment. Genes encoding penam resistance had the greatest overall proportion across PM 2.5 and PM 10 ( Fig. 2c ), while TEM betalactamases were the overall most abundant class ( Fig. 2d ). In addition, we also found several detoxification genes in PM samples including transporters (ACR transporter, MatE, MFS), transpeptidases, and thioredoxins, with the MFS 1 gene representing the greatest proportion ( Fig. 2e , f). PM samples harbored the greatest number of different ARGs and detoxification genes when compared with marine or human gut samples (adjusted P < 0.01), but the corresponding RPKM was on par with that of the human gut ( Fig. 2g-j) . A published computational pipeline [20] was used to estimate the risk of ARGs in PM samples [20] . The resistance risk score was calculated based on the percentage of ARGs associated with mobile genetic elements (MGEs) (Additional file 1: Table S6 ). In total, there were 982 (5.0%) contigs with ARGs that contained at least 1 MGE (Additional file 1: Table S7 ) and 379 (1.9%) that contained multidrug resistance clusters (MDRCs) (Additional file 1: Table S8 ). Notably, a prominent peak of ARG risk was found in January (Additional file 2: Figure S8 ) when the smog pollution was the most severe.
We next applied network analysis to examine the microbial structure and co-occurrence patterns in samples with different PM metrics [21] [22] [23] [24] . We used parameters including betweenness centrality, closeness centrality, and degree [21] to characterize the microbial structure of the two types of samples. Our analysis showed that the network complexity was associated with a higher betweenness, a lower closeness, and a higher degree and was significantly greater in PM 10 (Additional file 2: Figure S7d , e, adjusted P < 0.05). As such, PM 10 had a denser network, suggesting that a greater number of taxa had similar distributions over the 6-month period, and hence a greater degree of co-association, when compared with the taxa associated with PM 2.5 samples.
We divided the PM 2.5 and PM 10 samples into five different classes according to the Air Quality Index (AQI) classification, between which both taxonomic and gene diversity differed (Fig. 3 ). The PM 10 samples showed less taxonomic diversity in AQI group I than in AQI groups III and IV ( Fig. 3d -k, adjusted P < 0.05). The number of detoxification genes was greater in AQI group II than in AQI group I (Additional file 2: Figure S9 , adjusted P < 0.05). We also analyzed the incidence (per sample detection rate) dynamics of individual species in the five AQI groups. Our analysis revealed that the microbes could be divided into four clusters based on their incidence patterns (Additional file 1: Table S9 , Additional file 2: Figure S10a ). Cluster 1 comprised more than half of the identified species and was typically identified in less than 10% of the PM samples. Clusters 2 and 3 were depauperate in AQI group I and showed a noticeable increase in incidence in AQI groups II-V. The incidence was mostly below 0.5 except in group V, whereas in cluster 3, the incidence was mostly above 0.5 in all groups. Lastly, species in cluster 4, which was the smallest among the four clusters, maintained a high incidence close to 1 in all five AQI groups of PM particles. The taxonomic compositions of the four clusters differed considerably at both phylum and species levels (Additional file 2: Figure S10b , c, S11). Subsequently, we calculated the correlation coefficients between individual microbial species and pollutant concentration using MaAsLin [25] . In total, 152 species in PM 10 samples exhibited a correlation with pollutant concentration, considerably more than that in PM 2.5 samples (49 species; adjusted P < 0.1, Additional file 1: Tables 10  and 11 ). More importantly, although most of the species identified in PM 10 samples displayed significant differences in relative abundance between a low AQI level (I or II) and a high AQI level (IV or V), none in PM 2.5 exhibited such patterns (Wilcoxon rank-sum test, adjusted P < 0.1, Additional file 1: Tables 12). The microbes included those associated with human infections, such as Pseudomonas aeruginosa [26, 27] , with a positive correlation with pollutant concentration for both PM 2.5 and PM 10 samples (adjusted P < 0.05), and Stenotrophomonas maltophilia [28] , with a positive correlation with the pollutant concentration in PM 10 samples. In addition, 72 microbes manifested prominent peaks in January (Additional file 2: Figure S12 ) when the air pollution was most severe. These included many human commensals and potential human pathogenic agents such as P. aeruginosa, S. maltophilia, and Talaromyces marneffei [29] , as well as potential chickenassociated pathogens such as Gallid herpesvirus [30] and avian endogenous retrovirus (AEV) [31] . Finally, using existing metagenomic databases of human, dog, pig, and mouse feces [18, [32] [33] [34] , we examined the association between potential source of the different microorganisms and the five AQI groups. As pollutant concentrations increased, the proportion of human, dog, and pig feces-associated microbial species significantly increased in both PM 2.5 samples (r = 0.36, 0.37, 0.33, respectively, adjusted P < 0.05) and PM 10 samples (r = 0.50, 0.54, 0.43, respectively, adjusted P < 0.01), but the trends were more pronounced in PM 10 samples (Fig. 3l) . The inventory of the human feces-associated microbes in PM 10 samples was also significantly different compared with that in PM 2.5 samples (P = 0.029, ANOSIM test based Bray-Curtis distance metric of species abundance).
Discussion
Our work revealed a great diversity of microbial species and ARGs in Beijing's particulate matter, largely consistent with a recent study [35] . The data suggest that potential pathogen and antibiotic resistance burden increases with increasing pollution levels and that severe smog events promote the exposure. In addition, the particulate matter also contained several bacteria that harbored ARGs flanked by mobile genetic elements (Additional file 1: Table S7 ), which could be associated with horizontal gene transfer. Many of these bacteria were typical or putative members of the human microbiome. Analysis based on AQI groups showed that microbial species exhibited a wide range of incidence and many, including some mammalian gut species, displayed apparent changes in the five AQI groups of samples, and such AQI-related dynamics was affected by the size of particulate matter.
These findings will improve our understanding of microbial dynamics associated with different particulate matter size classes, especially as it pertains to different pollution events. It is possible that the diversity of microorganisms associated with particulate matter results from the reduction in certain environmental stresses such as UV light and desiccation. However, particulate matter also facilitates transient microbial interactions and likely supports substantial levels of extracellular DNA and dead microbes, which may complicate the interpretation of these dynamics.
The potential for particulate matter-associated microbes and viruses to influence human health requires further investigations. Microbial pathogenic transmission through the air, and consequently the risk for infection, can be quantified using metagenomics, as it has been for nosocomial source tracking in hospitals [36, 37] , but only if specific infections can be identified in the human population at risk. Any spurious statements about the "presence" of DNA signatures associated with potential pathogens in an environment should be treated as only exploratory evidence of potential risks. Unless these trends can be directly associated with actual infection events in humans or animals, they will remain invalid assessment of health risk. However, routine monitoring and quantification of microbial signatures in atmospheric systems associated with urban environments offer the potential for future retrospective examination of risk events that could promote mitigation strategies. For example, if an outbreak of a multidrug-resistant pathogen infection occurs in a city, being able to determine the environmental and pollution events that are associated with increased risks of exposure could be used as evidence to influence urban policy to reduce exposure. Therefore, the validity of these techniques for continual airborne microbial risk assessment should be further explored, especially for areas of well-understood risks, such as in regions with intensive poultry or pig farming, which could represent zoonotic reservoirs for infection risks.
Conclusions
Our work provides further evidence for potential environmental and mammalian sources of microbes associated with urban airborne particulate matter and demonstrates differences between pollution levels that could be associated with potential health risks.
Methods

Particulate matter and meteorological data collection
The methods used for particulate matter collection were previously described [13, 14] . PM samples were collected from samplers located on the rooftop of a building at Tsinghua University. Three high-volume air samplers (Thermo Electron Corp., MA, USA) were used in this study, with each drawing ambient air at a flow rate of 1.13 m 3 /min for 23 h per day. Two of the samplers were equipped with PM 2.5 fractionating inlets and one equipped with PM 10 fractionating inlet. Particulate matters were trapped onto 20.32 × 25.4 cm 2 Tissuquartz filters (PALL, NY, USA) with 99.9% typical aerosol retention. All of the filters were sterilized by baking in a muffle furnace at 500°C for 5 h prior to sampling. Before and after deployment in the filter cartridge, each sterilized filter was packaged in a sterilized aluminum foil and stored in a sealed bag. The filter holder and all the tools used for changing new filters were thoroughly cleaned with 75% ethanol or autoclaved every day to avoid contamination. The net weight of each filter was recorded at milligram accuracy before and after sampling, and the weight differences were used to calculate the PM concentration. The filters were stored in aluminum foils and plastic bags at − 80°C until DNA extraction. The meteorological data were retrieved from the website (https://www.wunderground.com/), using the weather parameters from Beijing Capital Airport (40.07°N, 116.59°E, index number 54511). The weather parameters were exported in a CSV form to be used in further analysis (Additional file 1: Table S1 ). Tissuquartz filters without exposure to open air were used as negative controls.
DNA extraction, library construction, and sequencing
We have previously developed an optimized protocol to improve the DNA yield and quality from air particle samples [13, 14] . In this study, we used this technique to extract DNA from PM 2.5 and PM 10 samples: 1/4 of PM 10 filter (a total of ca. 103.04 cm 2 ) and 1.5 of the PM 2.5 filters (a total of ca. 618.24 cm 2 ) were used to extract microbial DNA. The filters were cut into 8.96 × 11.5 cm 2 pieces and placed in 50-mL centrifuge tubes. Next, the filter was soaked into ca. 50 mL 1× PBS buffer. The tubes were pelleted at 4°C by centrifuging at 200g for 3 h. After vortexing, the resuspension was filtered by a 0.2-μm Supor 200 PES Membrane Disc Filter (PALL, NY, USA). The PALL filter was then used as the starting material for pretreatment by MO-BIO PowerSoil DNA isolation kit (Carlsbad, CA, USA). The samples were then incubated at 65°C in PowerBead Tubes for 15 min followed by vortexing for 10 min. The following steps were performed according to the standard MO-BIO PowerSoil DNA isolation protocol except for the column purification step, which was replaced with magnetic bead purification (Agencourt AMPure XP, Beckman, CA, USA) for improved DNA yield. Extracted DNA samples were diluted in 50 μL sterilized water. We used the Qubit 2.0 fluorometer (Thermo Fisher Scientific Inc. MA, USA) to quantify the concentration of DNA. Library preparation was performed according to the manufacturer's instructions (Illumina, CA, USA). We constructed a paired-end library with an insert size of 500 bp. A starting amount of 5 ng DNA from each DNA sample was used for library preparation in order to ensure sample consistency. In order to minimize possible bias introduced by PCR, 12 cycles were performed during PCR amplification.
Metagenomic sequencing
The quality of all DNA libraries was evaluated using an Agilent bioanalyzer (Agilent Technologies, CA, USA) with the DNA LabChip 1000 kit. Whole-genome shotgun sequencing of PM samples collected was carried out on the Illumina Hiseq 4000 platform (Illumina, CA, USA) with 150-bp paired-end read length. In total, we obtained 946-Gb raw data (mean 8.8 Gb per sample, mean insert size 354 ± 83 bp). The raw reads of metagenomic sequencing were processed to remove low-quality reads and adaptor contaminations. Bases with a quality score < 30 were trimmed from 3′ end of reads, and reads < 70 bp were removed. Finally, we obtained 882-Gb clean data (mean 8.2 Gb per sample), and the proportion of high-quality reads was about 92.12% on average in all samples.
De novo assembly and gene catalog construction
De novo assembly of clean reads was performed using MetaVelvet-SL (version 1.2.02) [38] with 63-kmer. Furthermore, the gaps in the scaffold were filled using GapCloser [39] . A total of 3.58 million contigs were generated (minimum length of 300 bp). These contigs had a total length of 4.97 Gb and an average N50 length of 12,243 bp and ranged from 669 to 62,034 bp (Additional file 1: Table S2 ). To create a multi-kingdom gene catalog of inhalable airborne microorganisms in Beijing's PM 2.5 and PM 10 pollutants, two gene prediction methods were performed, namely, Meta-GeneMark [40] (version 3.26) for prokaryotic microorganisms (bacteria, archaea, and virus) and Augustus [41] for eukaryotic microorganisms (fungi). For contigs that both prokaryotic and eukaryotic genes were called, we used the Taxator-tK [42] to assign them to a kingdom and the corresponding predicted genes were reserved. Contigs that were not identified by Taxator-tK were removed, accounting for 10% in length of all contigs which harbor genes. Contigs assigned to animals or plants by Taxator-tK were removed. A non-redundant gene catalog was constructed using CD-HIT [43] (version 4.5.7) with a sequence identity cutoff of 95% and a minimum coverage cutoff of 90% for shorter sequences. The final non-redundant gene catalog contains 4, 301,891 microbial genes, including 3,278,420 prokaryotic genes and 1,023,471 eukaryotic genes. We compared the core genes of PM pollutants to gut microbiota and ocean microbiota using the criteria of 95% sequence identity and 90% alignment coverage of the shorter sequence.
Taxonomic and functional profiling
Metagenomic reads were taxonomically profiled using MetaPhlAn2 with default parameter settings. The metagenomic gene catalog was annotated by alignment against the proteins in the eggNOG 3.0 database [44] and KEGG database [45] using BLASTP (E value ≤ 1E −5). A gene was assigned to an OG or KO by the highest scoring annotated hit with at least one HSP (high-scoring segment pair) scoring > 60. For query genes with multiple matches, the annotated reference gene with the highest score was used. For each functional feature (OG in eggNOG or KO in the KEGG database), we estimated its abundance by accumulating the relative abundance of all genes from belonging to the same family. HUMAnN2 [46] was subsequently used to calculate the relative abundance of metabolic pathways in the MetaCyc database [47] . Potential pathogens were identified by first searching the MetaPhlAn-annotated species in Microbial Genome Database System (http://data.mypathogen.org/ search/genomeSearch) for human pathogens. The resulting microbes were further validated by PubMed search to ensure that each had been reported in human infection or human diseases.
Strain-level analysis
Strain-level profiling was performed with StrainPhlAn. For each sample, the clean reads were first mapped against the MetaPhlAn2 markers by Bowtie2 [48] and then the consensus sequences were produced according to the mapping result. The consensus sequences represent the most abundant strains for each species in a sample. Similarly, the consensus sequences of public reference genomes of stains for each species were obtained by aligning the markers to these genomes. Finally, the extracted consensus sequences of references and samples were multiply aligned by MUSCLE [49] , and the phylogenetic trees were built by RAxML [50] (parameters: -m GTRCAT and -p 1234).
Antibiotic resistance and detoxification genes
Predicted genes were annotated with BLASTX (E value < 1E−10, identity > 60%, and minimum alignment length > 25 amino acids) against the CARD database [51] . Multidrug resistance clusters were identified as contigs containing multiple antibiotic resistance proteins. Employing the method described in the previous paper [52] , the Gene Ontology annotation [46] and Pfam (release 24) [53] were used to create the detoxification protein database, which contains 31 strictly detoxification-related protein families with profile HMMs. All gene sequences were scanned against the database of profile HMMs using hmmsearch, a part of the HMMER3 software [54] . ShortBRED [55] was used to quantify the abundance of antibiotic resistance genes and detoxification genes. ShortBRED markers were identified from the annotated antibiotic resistance proteins or detoxification proteins using the reference database of Swiss-Prot in Uniprot. Clean reads were mapped against these marker sequences with 99% sequence identity. All analyses were performed on gene abundance normalized to reads per kilobase per million reads (RPKM).
Mobile genetic elements
Putative MGEs were identified from the contigs with BLASTN (E value < 1E−10, identity > 60%, coverage of the MGE reference > 90%) against the ACLAME database, comprising known plasmids, bacteriophages, and transposons [56] .
Co-occurrence network
To construct the meta-community co-occurrence network, we first removed species with relative abundances less than 0.01% or present in less than 10 samples. The Spearman correlation coefficients between species were computed using cor.test function in R 3.6.2 (Lucent Technologies, NJ, USA), and all the P values were adjusted for multiple testing using the Benjamini and Hochberg false discovery rate (FDR) controlling procedure. Based on correlation coefficients (> 0.78) and FDR (< 0.05) adjusted P values for correlation, we constructed the co-occurrence network. The cutoff of correlation coefficients was determined as 0.78 through random matrix theory-based methods [57] . Network properties were calculated with the igraph package. The cooccurrence networks were visualized by Gephi.
Statistical analysis
Adjustment for multiple testing was performed using Benjamini and Hochberg false discovery rate (FDR) controlling procedure (p.adjust function in R). To explain the Bray-Cutis distance of taxonomic community composition with major meteorological factors, the permutational multivariate analysis of variance was employed using the function adonis from the R package vegan. The P value was determined by 999 permutations and was subsequently adjusted by the Benjamini and Hochberg method.
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